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A Blood Test for Early Breast Cancer Detection using Single Molecule Arrays and Machine 

Learning  

Abstract 

Early breast cancer diagnosis is challenging due to the high false-positive rate and a lack of 

molecular classification of the current, imaging-based mammography. An estimated 50% of women 

screened annually in the U.S. experience a false-positive result, and of these women, 7%- 17% will receive 

unnecessary biopsies. Since tumors, even at early stages, secrete molecules into the bloodstream, a liquid 

biopsy has the potential to provide an alternative classification method for early detection. Concurrently, 

liquid biopsies could provide molecular information which would facilitate subtyping and help guide 

treatment. Although biomarkers can be overexpressed in breast cancer tissues, many clinically-relevant 

proteins are present at sub pg/mL concentrations in the blood and are therefore difficult to measure. To 

overcome this challenge, the Walt lab has previously developed a Single Molecule Array (Simoa) platform 

to achieve protein concentrations detection at a 10-19 M level compared to the conventional ELISA’s ability 

of 10-12 M detection. By labeling and isolating each immunocomplex into femtoliter-sized wells, we can 

digitally count the number of molecules in a sample. This assay format has been automated to reduce human 

error and increase accuracy. Additionally, due to the high sensitivity, only a low sample volume of 25µl or 

less is required. We collected 120 blood samples from healthy controls and 102 blood samples from 

untreated breast cancer patients. Testing a panel of 10 biomarkers on these blood samples, we achieve an 

AUC of 93% for breast cancer detection, which significantly outperforms mammograms. Whether Simoa 

confers robust prediction for subtypes and stages remains to be validated. 
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Chapter one: Background and Lacunae 

A. Introduction to Breast Cancer 

i. The statistics and characteristics   

Breast cancer is the most common neoplasm in women and the second leading cause of 

cancer-related mortality in females worldwide1. The current five-year survival rate for breast 

cancer is 89.7%2. At present, breast cancer detection relies mostly on mammography, which has 

produced a decrease in breast cancer mortality rate3. However, mammography screening has 

generated controversy due to the risks of false-positive results and over-diagnosis of indolent 

disease4.  A positive mammogram results in a call for biopsy—an invasive and expensive 

procedure. Based on statistics from the National Cancer Institute, 10% of women who were 

screened for breast cancer will be recalled for further testing, and only 5 out of 100 women recalled 

will be diagnosed with breast cancer. The lack of molecular subtyping at the point of diagnosis 

also requires multiple visits before clinicians are able to formulate a therapeutic treatment plan. In 

addition, both fat tissue and tumor are represented as white in the mammogram. Mammography 

therefore has limited sensitivity for the detection of tumors in dense breast tissue 5. Mammograms 

have low accuracy, especially in younger populations. Breast cancer does not typically display any 

physically noticeable symptoms in early stages, which is often when it is most treatable. According 

to the latest government statistics, the average ages at diagnosis and death are 62 and 68, 

respectively2. While there have been considerable efforts to increase the average age of death from 

68, the Walt lab is one of the groups who are devoted to decrease the age at diagnosis, which 

should also have an impact on the age of death. Furthermore, the incidence of breast cancer is on 

the rise and tops the 10 common types of cancer. In 2018, there was an estimated 266,120 breast 
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cancer cases. There is an urgent need for early diagnosis that could predict disease outcome, 

providing prognostic information to the clinicians for treatment stratification6.  

Despite the wide variation in age, family, or ethnicity, there are a number of known risk 

factors linked to cancer development or prognosis, including but not limited to genetic 

predisposition, environmental factors, age, and pre-existing carcinomas7. One of the larger risk 

factors is having one or more family members with a history of breast cancer.  Among the most 

widely known genetic factors are the BRCA1 and BRCA2 genes. Hereditary factors account for 

5-19% of cases. However, having either of these sets of mutations confers a 40-80% lifetime risk 

of getting this disease. Combining this genetic predisposition with age 70 years or more increases 

the likelihood of breast cancer occurrence to 80-87%. Another important risk factor is previous 

history of breast disease or noninvasive carcinomas that could be cancer precursors. Other factors 

include age at menarche, parity, BMI, oral contraceptives usage, and the use of hormonal therapy.  

 

ii. Clinical diagnostic and prognostic practices 

 The American Joint Committee on Cancer (AJCC) offers a standardized method for staging 

and grading, known as the TNM staging system. It categorizes the disease on T (tumor size), N 

(lymph node involvement), and M (metastases), shown in table 1. Each part of the system has a 

degree of severity, denoted by a number (0 to 4 for T, 0 to 3 for N, and 0 or 1 for M). The stage is 

determined by the combination of severity of each factor8.  
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Table 1 American Joint Committee on Cancer staging guidelines for breast cancer 

 

 Breast Cancer is a heterogeneous disease. There are four major molecular subtypes: 

luminal A, luminal B, HER3 positive, and triple negative/basal-like diseases. The classification is 

based on the histological expression of hormone receptors and growth factors: estrogen receptor 

(ER), progesterone receptor (PR), and human epidermal growth factor 2 (HER2). Estrogen 

receptor alpha (ERα) is a hormone receptor necessary for the development and function of the 

mammary gland.  ERα is found to be overexpressed or “ER-positive (ER+)” in nearly 70% of 

invasive breast cancer cases8. It has low expression levels in normal cells, though basal levels vary 

by age. Despite the majority of invasive breast cancer patients are ER+, 50% of ER positive 

patients are resistant to certain kinds of therapy. Additionally, susceptible tumors can develop 
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resistance due to ER mutation. Progesterone receptor (PR), like ER, is also necessary for the 

normal development and function of the mammary gland. Although the expression of PR does not 

fluctuate as widely as ER, it has low expression levels in normal cells and drops after menopause. 

50-70% of invasive breast cancer patients are found to be PR positive (PR+). When patients are 

both ER+ and PR+, they have a better chance of responsiveness to endocrine therapy 9. On the 

other hand, PR– status is associated with poor prognosis. Human epidermal growth factor 2 

(HER2) is a transmembrane glycoprotein interacting with a number of ligands. HER2 dimerizes 

with itself and other HER receptors to activate a number of signal transduction pathways. 

Overexpression of HER2 is associated with poor regulation of cell proliferation, survival, 

differentiation, angiogenesis, invasion, and metastasis. HER2 is overexpressed in 20-30% of breast 

tumors, and the presence of such overexpression is associated with a more aggressive disease, 

higher recurrence rate, and increased mortality. In addition to being a diagnostic and prognostic 

marker, HER2 is a therapeutic target for FDA approved drugs, such as Trastuzumab (Herceptin). 

Luminal A, luminal B, HER2 positive, and triple negative/basal-like disease are the main 

types of breast cancer. Luminal A (ER+) is the most commonly diagnosed subtype of breast 

cancer, constituting 50-60% of cases. Due to the low histological grade, low mitotic activity, and 

relatively low relapse rate, Luminal A is more treatable and good prognoses are more common. 

Luminal B (ER+ and HER2+) accounts for 15-20% of all breast cancer cases. HER2– can also 

be classified as Luminal B disease if it exhibits high Ki67 expression, a marker for cellular 

proliferation. However, there are up to 6% of Luminal B cancers classified as ER– /HER2– by 

immunohistochemistry. Luminal B is less responsive to hormone therapy, but more responsive to 

neoadjuvant therapy. Overall, Luminal B has a higher recurrence rate and lower survival rate than 

Luminal A10. Although the two subtypes can have similar hormone receptor expression levels, the 
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way they behave and the responsiveness are very different. Ki67 expression can be used to 

differentiate between Luminal B, which is highly proliferative, compared to Luminal A which is 

not. The third subtype is HER2 positive (ER– /PR– /HER2+). Around 50% of HER2+ tumors 

display low ER expression. HER2+ tumors are aggressive, with an increased propensity for 

metastasis to visceral organs and low responsiveness to hormone therapy. However, HER2 

positive tumors have increased sensitivity to cytotoxic therapy. The last subtype of breast cancer 

is basal-like or “triple negative”, accounting for 8-37% of all breast cancer cases. This subgroup 

is characterized by the expression of basal myoepithelial markers, and a lack of ER, PR, and HER2 

expression. Triple negative breast cancer is very aggressive, highly proliferative, associated with 

invasive ductal tumors, and has a high rate of metastasis with poor outcome.  

 

iii. Current Methods for Screening 

The current methods for breast cancer detection are imaging-based. The current gold standard 

for breast cancer screening is mammography, a radiographic examination of the breast. It involves 

compressing the breast while an image of the breast is generated. The U.S. Preventive Services 

Task Force suggests biennial screening mammograms for asymptomatic low-risk women over the 

age of 5011. Additional methods include ultrasonography and MRI. The efficacy of mammography 

is highly dependent on tissue density, tumor size, and tumor location. The size at which a tumor is 

detectable by mammography can be limited, with a median of 7.5mm tumor size for a limit of 

detection. Though these methods are compatible with the TNM staging, they have their limitations. 

Imaging techniques provide very little information about the biology of the disease (i.e. grading 

and subtype). Additionally, an actual mass or evidence of one must be detectable by the imaging 

modality in order to further investigate the disease. Furthermore, as specialists need to characterize 
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the molecular subtype before coming up with therapeutic strategies, the current method requires 

multiple visits for subtype validation. Another drawback to these imaging-based techniques is that 

they have less sensitivity to dense breast tissue as both the fat and the tumor are white in the images. 

Finally, clinical diagnostics require multiple specialists and invasive tests, hence the appeal of a 

simple blood test with highly sensitive detection limits.  

 

B. Technologies: ELISA and Single Molecule Arrays (Simoa) 

 ELISA is the current gold standard method for protein detection. It utilizes antibody-

antigen interactions to capture target proteins. The direct sandwich ELISA, pictured in Figure 1, 

has a capture surface prepared by adsorbing antibodies to the well surfaces in a polystyrene 

microtiter plate. The passive adsorption process allows noncovalent interactions between the 

antibody and the surface to bind the antibodies to the wells. Unbound antibodies are washed away, 

and a blocking butter is added to occupy the vacant surface sites to prevent non-specific binding 

of molecules in the sample to the well. The sample, containing the target protein molecule, is then 

added. Following a series of washes, a biotinylated detector antibody is added to incubate with the 

sample. Following another series of washes, a streptavidin-labeled enzyme such as horseradish 

peroxidase or beta-galactosidase is incubated with the immunocomplex. The streptavidin on the 

enzyme molecule strongly binds to the biotin on the secondary antibody, labeling the 

immunocomplex with an enzyme molecule. Following another series of washes to remove the 

unbound enzyme molecules, the enzyme’s substrate is added to the plate. Signal amplification 

occurs as enzyme molecules turn over molecules of substrate to generate a measurable signal over 

time such as a chemiluminescence, fluorescence, or a color change measured by absorbance. The 

analytical sensitivity and specificity have been well characterized and limits of detection are 
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typically in picomolar concentrations. 

 

Figure 1 Traditional ELISA: (1, 2) After a plate is coated with capture antibodies (1), the sample or 
standard protein is added and captured (2). (3, 4) Following the addition of biotin-labeled detection 
antibodies (3), the biotin interacts with the later added  streptavidin on the enzyme molecule (4). (5) A 
colorimetric substrate is added, and the intensity of color/fluorescence development in the wells is 
proportional to the amount of target protein bound.12 

 

To overcome limitations in analytical sensitivity, the Walt lab previously developed digital 

ELISA using Single Molecule Arrays (Simoa) assays13. Compared to the traditional ELISA, Simoa 

can detect protein concentrations as low as 10-19M compared to conventional ELISA, which can 

detect only 10-12 M. The Simoa technique can achieve this ultra-high sensitivity by digitally 

counting the number of molecules in a sample by labeling and physically isolating each 

immunocomplex into femtoliter-sized wells (Figure 2). In a Simoa immunoassay, paramagnetic 

beads coated with capture antibodies are added in excess to a sample containing low levels of 

target analyte molecules. Based on Poisson statistics, either one or zero target protein molecules 

will bind to each bead. The protein is then labeled with a biotinylated detection antibody and 

streptavidin-β-galactosidase (SβG), forming an enzyme-labeled immunocomplex. The beads are 
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resuspended in fluorogenic substrate, resorufin-β-D-galactopyranoside, (RGP), and then loaded 

onto an array of 50 fL sized wells in which each well can hold only one bead. The wells are then 

sealed with fluorocarbon oil. Wells that have an enzyme-labeled immunocomplex generate a 

locally high concentration of fluorescent product, enabling single molecule detection by counting 

active wells. This approach allows 1000X improvement in sensitivity of Simoa over the 

conventional ELISA. With the HD-1 analyzer13, we can achieve high-throughput capability, with 

a steady-state usage capacity of 66 samples per hour. On top of that, the instrument offers precise 

pipetting and consistent timing. Variation between replicate measurements are often below 15% 

CV. One of the improvements Simoa immunoassays achieved is that the capture antibodies are 

covalently coupled to paramagnetic beads (2.7 μm) and incubated with analytes in solution. 

There are several advantages for using a bead-based immunoassay compared to the standard 

ELISA methods: (1) The bead suspension creates more contact surface that allows for a more 

accessible capture of antigens. (2) The antibodies are covalently bound to the capture surface 

whereas it is physically adsorbed in ELISA. The antibody coating is stable during the Simoa assay. 

(3) The beads are stable. A batch of beads can be conjugated to antibodies and stored for several 

months.  
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C. Introduction to Machine Learning 

Machine learning is to enable a machine, or computer algorithms, to learn from a set of 

data and modify itself with a set of parameters to best model the data. According to Tom Mitchell, 

“A computer program is said to learn from experience E with respect to some class of tasks T and 

performance measure P, if its performance at tasks in T, as measured by P, improves with 

Figure 2 Digital ELISA based on arrays of femtoliter-sized wells. (a, b) Single protein molecules are captured and labeled 
on beads using standard ELISA reagents (a), and beads are loaded into femtoliter-volume well arrays (b). (c) SEM of a 
section of a femtoliter-volume well array after bead loading. (d) Fluorescence image of a section of the femtoliter-volume 
well array after signals from single enzymes are generated. Only a fraction of beads possesses enzyme activity, indicating a 

single, bound protein molecule13 
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experience E.” In using machine learning, research questions can be categorized into supervised 

learning and unsupervised learning. In supervised learning14, the dataset is labeled and the correct 

output is known. Supervised learning problems are categorized into regression and classification 

problems. In a regression problem, results are predicted within a continuous output and input 

variables are mapped using a continuous function. In a classification problem, results are predicted 

in a discrete output. Unsupervised learning15, on the other hand, allows approaches to solve 

problems with little or no idea what the result should look like. Structure is derived from data 

where the effect of the variables is not known. With unsupervised learning, there is no feedback 

based on the prediction results to further fine tune it. 

i. The Hypothesis Function, Cost Function, and Gradient Descent 

The Hypothesis Function (hθ(x))16 

Different algorithms have different approaches modeling the data, known as the hypothesis 

function. In the simplest case, linear regression with one variable or univariate linear regression, 

has a hypothesis function form:  y  = hθ(x) = θ0+θ1x.	

	A function called hθ(x) is created to try to map the input data (x) to the output data (y). 

The algorithm will use various values of θ0 and θ1 to try to find values that provide the best 

possible "fit" or the most representative straight line through the data points mapped on the x-

y plane. 

 

Cost Function (J(θ0,θ1))17 
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The accuracy of the hypothesis function can be measured against the correct results by 

using a cost function, denoted as J(θ0,θ1). This takes an average of all the results of the hypothesis 

with inputs from x’s compared to the actual output y’s. 

 

Equation 1 Hypothesis, cost function, and gradient descent 

 

Cost function is also known as the “Squared error function”, or “Mean squared error 

(MSE)”. The cost function, hθ(x(i))−y(i)  is the difference between the predicted value hθ(x(i)) and 

the actual value y(i). The mean is halved as a convenience for the computation of the gradient 

descent as the derivative term of the square function will cancel out the ½ term. Ideally, the best 

hypothesis function will be one that should pass through all the points of the training data set. In 

such a case, the value of J(θ0, θ1) will be 0. 

 

 Gradient Descent18 

To minimize cost function, one of the common optimization strategies is gradient 

descent. If putting θ0  and θ1 of cost function on the x axis and the y axis individually, with the 

cost function J(θ0, θ1) on the vertical z axis, the points on the graph will be the result of the cost 
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function using the hypothesis with those specific θ parameters, as shown in figure 318. 

 

Figure 3 Gradient descent in the loss/cost landscape: There exists a local minimum where the gradient is 
zero. Once it arrives at a region with gradient zero, it is impossible for it to escape regardless of the 
quality of the minima, a problem caused by saddle points. To rescue this problem, an approach is to 

adopt random initiation to try to find a global minimum. When at a point A, we can compute the gradient 
to find a direction to move with a learning rate. Red represents high loss/cost while blue represents low 

loss/cost.18 

 

 Gradient descent succeeds in finding the local minima when the cost function is at the very 

bottom of the pits in our graph (blue areas in the graph above) when its values are the minimum. 

By taking the derivative or the tangential line to the cost function, the slope of the tangent is the 

derivative at the point and it will give us a direction to move towards. Gradient descent makes 
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steps down the cost function in the direction with the steepest descent, and the size of each step is 

determined by the parameter α, which is called the learning rate.  

 Gradient descent takes a form of: 

 

Equation 2 Gradient descent 

 Equation 2 can be interpreted as θj is updated by θ j minus learning rate (α) times the 

slope of tangent, or derivatives, in j dimension. Using gradient descent, an algorithm can start with 

a guess for our hypothesis and then repeatedly apply the gradient descent equation, until the 

hypothesis becomes accurate enough.  

It has been proven that if the learning rate α is sufficiently small, cost function J(θ) will 

decrease on every iteration. If making a plot with number of iterations on the x-axis and the cost 

function J(θ) on the y axis, J(θ) should always decreases as x goes up. If J(θ) ever increases, then 

it is recommended to decrease α. Alternatively, convergence is declared if J(θ) decreases by less 

than epsilon (ε = 10-3). 

In addition, there are other more sophisticated and faster ways to optimize theta parameters 

that can be used instead of gradient descent. To list a few, there are conjugate gradient, BFGS, and 

L-BFGS. 
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Aside from using iterations to come to a local minimum, there is an analytical method for 

finding the optimum θ without iteration by calculating, for instance, the Normal Equation. Normal 

Equation takes the form of:  

There are few pros and cons of using an analytical approach versus using iterations. A 

comparison of the two approaches is listed in table 2. 

Table 2 A comparison between analytical and iterative approaches to minimize cost/loss. 

 

The complexity of normal equation is on the order of n3, thus if there is a very large 

number of features (for example, when n exceeds 10,000), the normal equation will be slow. It 

might be a good idea to go from a normal solution to an iterative process. Another caveat is to 

Gradient Descent Normal Equation 

Need to choose alpha No need to choose alpha 

Needs many iterations No need to iterate 

Complexity: O (n2) 

Works well when n is large 

Complexity: O (n3)  

Slow if n is very large 

Need to do feature scaling  No need to do feature scaling 

Equation 3 Normal equation, an analytical method for finding a local 
minimum  
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look out for non-invertibility when implementing the normal equation. XTX may 

be noninvertible when features are redundant, or linearly dependent. Non-invertibility also 

happens when there are too many features. In this case, deleting some features or using 

regularization could be a good idea. 

 

ii. Binary classification, multivariate analysis, and multi-class classification 

Binary Classification19 

When the output vectors are 0 or 1, where 0 is also referred as the negative class and 1 as 

the positive class, it is a binary classification problem. One method is to use linear regression and 

map predictions larger than 0.5 as a 1 and predictions less than 0.5 as a 0. 

hθ(x) > 0.5  y=1; hθ(x) < 0.5  y=0  

Equation 4 Binary classification – threshold 

 However, since most binary classification problems are not linear, the form of the 

hypothesis can be modified using the sigmoid function, or the logistic function to satisfy:  

0≤ hθ(x) ≤1:  

hθ(x) = g(θTx) 

z = θTx 

g(z) = 1 / (1 + e−z) 

Equation 2 Binary classification – hypothesis 

 



 16 

In equation 5, the function g(z) transforms a real number to the (0,1) interval. And hθ(x) will 

provide the probability that the output is 1. The probability that the output is 0 is the 

complement of the probability that it is 1. 

Binary Classification- Cost Function 

To make it possible to calculate, the cost function of logistic regression is forced to be a 

convex function. The cost function can be a modified function form of linear regression as:  

 

 
Equation 3-1 Binary classification – cost function 

The more the hypothesis is off from y, the larger the cost function output. If the hypothesis is 

equal to y, the cost is 0. Further, we can compress the cost function’s two conditional causes into 

one:   

 

Equation 4-2 Binary classification – cost function 

When y = 1, the second term will be zero and will not affect the result. If y = 0, the first term is 

zero and will not affect the result.  

 

Binary Classification – gradient descent 
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The gradient descent is still the general form (equation 6). If taking the derivative using 

calculus, gradient descent for binary classification takes a form of: 

 

Equation 5 Binary classification – gradient descent 

 

Multivariate Analysis20 

  To introduce multivariate analysis, below is a linear regression example with multiple 

variables. If defining the multivariate form of the hypothesis function accommodating the 

multiple features: hθ(x)  = θ0      + θ1x1+ θ2x2+ θ3x3+ ⋯	+ θnxn.  Using the definition of matrix 

multiplication, the multivariable hypothesis function can be represented as a vectorization of the 

hypothesis function for one training example. 

  

Equation 6 Multivariate analysis - hypothesis 

 
In equation 8, the training examples are stored in X. Thus, the hypothesis can be 

calculated as a column vector with hθ(X)=Xθ, using linear algebra. 

 

Multivariate Analysis – Cost function 
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The vectorized version of cost function is: 

 

Equation 7 Multivariate analysis – cost function. Y denotes the vector of all y values 

The gradient descent equation is the same with univariate analysis; for multivariate analysis, the 

gradient descent is repeated for n features: 

 

Equation 8 Multivariate analysis – gradient descent 

 

Feature Normalization21 

In principle, θ will descend quickly on small ranges and slowly on large ranges, and so 

will oscillate inefficiently down to the optimum when the variables are very uneven. There is a 

method to prevent this situation and speed up gradient descent by having each of the input values 
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in roughly the same range, known as normalization. Ideally, two techniques to help with this are 

feature scaling and mean normalization. Feature scaling involves dividing the input by range, 

that is, the maximum value minus the minimum value, resulting in a new range of just 1.  

 

There are other normalization methods such as:  

 

Equation 9 Common normalization methods 

 

Multiclass classification: One-vs-all22 

There will be cases when we need to classify data into more than two categories. In this 

case, it is an approach to divide the problem into n+1 binary classification problems with n being 

the total number of categories. In each one of the n+1, we predict the probability that y is a 

member of one of our classes, described as follows. 
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Equation 10 Multi-class classification – transformation into binary 

By using this approach, one class is chosen and all the others are grouped into a single 

second class. Doing this repeatedly, applying binary logistic regression to each case, and then 

using the hypothesis that returned the highest value as the prediction. 

 

iii. Regularization and the Problem of Overfitting23 

Regularization is an approach to address overfitting. When the form of the hypothesis 

function maps loosely to the trend of the data, high bias or underfitting will happen. This 

happens when using too simple of a function or too few features. Another extreme, high variance 

or overfitting is usually caused by a hypothesis function that fits the data very well but has 

limited generalizability when predicting new data. It is a common error when using too 

complicated functions that create a lot of unnecessary curves or angles unrelated to the data. 

Common options to solve the problem of overfitting is summarized below: 

1. Reduce the number of features 

a. Select which features to keep using domain knowledge 

b. Conduct a model selection (covered later in this chapter) 
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2. Regularization: regularization keeps all the features but reduces the parameters (θj) and it 

is useful when we have many slightly useful features. 

If we encounter overfitting from the hypothesis function, one option to address this is to 

reduce the weight of some of the terms in the hypothesis function by increasing their cost. 

Without actually getting rid of these features, we can instead modify the cost function. By 

assigning features to decrease weight, a very big parameter in the cost function, the values of 

these features will be greatly reduced in the hypothesis function. We could also regularize all 

theta parameters in a single summation here: 

 

Equation 11 Adding a regularization term to reduce the effect of overfitting. The lambda is the 
regularization parameter who determines how much the costs of the theta parameters are inflated.  

  And the outcome is a smoother version of the hypothesis to reduce overfitting. 

Nevertheless, if the lambda is too large, it may smooth out the function too much to cause 

underfitting. 

Giving one popular regularization implementation on logistic regression gives a cost 

function: 

 

Equation 12 Implementation of regularization on logistic regression. The regularization term explicitly 
skips the bias term, θ0 and the summation term also explicitly exclude θ0. Empirically, a bias feature is 
simply a way to move the “best fit” with some suspect of overfitting to better fit the data. A large lambda 
penalizes theta parameters greatly and have chances of over simplify the line of the resulting function, 

prone to underfitting. 
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To choose a good model and the regularization λ, we need to iterate through a list of λs and 

for each λ go through all the models to learn the theta parameters. We will use the best 

combination that produces low error and see if it has a good generalization of the research 

question. 

 

 

Chapter Two: Data and Methods 

A. Materials and Methods  

The Simoa HD-1 Analyzer (Quanterix) 

The microarrays used in the Simoa (Single Molecule Array) assays are composed of 

around 216,000 wells contained in a 3mm x 4mm area. Each well is 4.25 μm in diameter and 

3.25 μm deep, with 8 μm spacing from center to center. That will give each well a volume of 46 

fL. The volume is designed to accommodate a single microsphere/paramagnetic bead (2.7 μm) 

and a small volume of substrate. And it is 2 billion times smaller than the working volume of a 

standard ELISA.  

 

Biomarkers 

Members of the Walt lab developed protein assays for various biomarkers. Among them, 

there are 10 promising biomarkers. A brief summary of the biomarkers of choice is listed below.  

1. VEGF 
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VEGF (vascular endothelial growth factor) is a signaling protein that induces 

angiogenesis. Angiogenesis is part of the process that restores the oxygen supply to tissues 

when blood circulation is inadequate such as in hypoxic conditions. Solid cancers cannot 

grow beyond a limited size without an adequate blood supply24; cancers that can express 

VEGF are able to grow and metastasize. VEGF has been implicated with poor prognosis in 

breast cancer as well25. Numerous studies show a decreased overall survival and disease-free 

survival in those tumors overexpressing VEGF26. Therefore, FDA approved in 2004 a 

monoclonal antibody against VEGF, bevacizumab, as a cancer therapy. The response rate is 

between 10% to 15%. Biomarkers for bevacizumab efficacy are not yet known. The role of 

paracrine signaling by VEGF in the formation and maintenance of blood vessels has been 

studied extensively27. 

2. PTX3  

PTX3 (pentraxin 3) is part of the PI3K pathway which is aberrantly activated in various 

cancers. Several studies have shown that PTX3 is a candidate breast cancer biomarker28. 

The mRNA abundance of PTX3 correlated with poor prognosis of patients with basal-like 

breast cancer29. Furthermore, the examination of the relationship between PTX3 and other 

pro-inflammatory mediators expression indicates that PTX3 is positively correlated with 

levels of CRP, interleukin-6 and macrophage-inhibitory factor. Clinically, PTX3 in blood 

behaves as an acute phase response protein. PTX3 is a rapid marker for primary local 

activation of innate immunity and inflammation30.  PTX3 is an emerging biomarker with 

application in several pathological conditions including cardiovascular disorders and cancer. 
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More evidence is required to validate PTX3 as a biomarker with clinical utility either alone 

or as a member of a biomarker panel.  

3. HER3 

HER3 (Human epidermal growth factor receptor 3) is associated with targeted 

therapeutic resistance in cancers including resistance to HER2 inhibitors and anti-estrogen 

therapy31. As a heterodimerization partner, most critically with ErbB2, it is involved in 

invasion and metastasis32. HER3 protein is found in cytoplasmic and membrane pools, but 

HER3 signaling in HER2-amplified cancer cells is generated through HER2-HER3 

interactions occurring at the plasma membrane.   

4. CXCL10 

CXCL10 (C-X-C motif chemokine 10) is a promising biomarker for cancer prediction in 

recent years due to its tumor-promoting effects. CXCL10 is involved in cross talk with 

various signaling pathways. For example, in breast cancer, Ras-induced CXCL10 

overexpression is mediated through the Raf and PI3K signaling pathways, which contribute 

to the development of breast tumors33  

5. HE4 

HE4 (Human Epididymis Protein 4) is localized on human chromosome 20q12–13.1. The 

locus exhibits chromosomal gains in cancers, including breast cancer34. There exists a HE4 

based serum biomarker test approved for use: Risk of Ovarian Malignancy Algorithm 

(ROMA). ROMA is a qualitative serum test that derives a numerical score from the results of 
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CA-125 and HE4 blood tests, along with menopausal status, to identify patients presenting 

with an adnexal mass as being at high or low likelihood for having malignancy35. 

6. CYR61 

CYR61 (Cysteine-rich angiogenic inducer 61) is a secreted, extracellular matrix (ECM)-

associated signaling protein of the CCN gene family (Cyr61/CTGF/NOV). CYR61 is a 

powerful angiogenic inducer in vivo36. Overexpression of CYR61 is associated with poor 

prognosis in breast cancer37.  

7. CA19 

The only tumor marker available to detect and monitor Pancreatic ductal 

adenocarcinoma (PDAC). Guidelines from the American Society of Clinical 

Oncology discourages the use of CA19 (Carbohydrate antigen 19-9) as a screening test for 

cancer, particularly pancreatic cancer, since PDAC may be detected as falsely normal (false 

negative) in many cases, or abnormally elevated in people who have no cancer at all (false 

positive)38. Nonetheless, CA19 is the most extensively studied and validated serum biomarker 

for the diagnosis of pancreatic cancer in symptomatic patients. CA19 serum levels can provide 

important information with regard to prognosis, overall survival, and response to 

chemotherapy as well as predict post-operative recurrence. 

8. CA125 

CA-125 (cancer antigen 125) is one of the standard serum biomarkers for ovarian cancer 

detection and recurrence39. Around 90% of women with advanced ovarian cancer have 
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elevated levels of CA-125 in the serum40. Monitoring CA-125 serum levels is also important 

for determining the responsiveness to a treatment and for predicting a patient’s prognosis after 

treatment. Also, an increase in CA-125 levels within individuals in remission is a strong 

predictor of the recurrence of ovarian cancer41. 

 

9. HER2 

HER2 (Human epidermal growth factor receptor 2) is an oncogene and is a member 

of the human epidermal growth factor receptor family, which consists of HER, EGFR, and 

ERBB. Amplification or overexpression of HER2 occurs in approximately 15-30% of 

breast cancers42. It has been shown to play an important role in the development of and 

progression of certain aggressive types of breast cancer43. Although HER2 testing if 

performed in breast cancer patients as assess prognosis and to determine suitability for 

trastuzumab therapy, HER2 targets treatments are expensive and have been associated with 

cardiac toxicity44. Other HER2 characteristics are also included in this chapter, Clinical 

diagnostic and prognostic practices section. 

 

10. IL.6  

IL.6 (Interleukin-6) can act as a pro-inflammatory cytokine and an anti-

inflammatory myokine. Anti-IL.6 therapy was initially developed for autoimmunity 

disease treatments. Due to IL.6’s role in chronic inflammation, tumor microenvironment 

regulation, and production of breast cancer stem-cell like cells, IL.6 blockade treatment’s 



 27 

potential in cancer is also under evaluation45. It has been shown that advanced/metastatic 

cancer patients have higher levels of IL.6 in their blood46. 

 

Patient Cohorts 

Currently, we have tested a total of 222 subjects, which include 102 untreated breast 

cancer patients from Tufts Medical Center and 120 healthy controls from the Partner’s biobank. 

The distribution of ages for untreated patients is described as follows: mean: 59.84, median: 

60.50, first quarter: 51.00, third quarter: 68.00, min: 37.00, and max: 90.00. The distribution of 

age for healthy controls is described as: mean: 48.35, median: 48.00, first quarter: 32.00, third 

quarter: 64.00, min: 20.00, and max: 79.00. 

 

B. Results  

Exploratory data analysis (EDA)  

In probability theory and statistics, there is an underlying assumption of IID (independent 

and identically distributed random variables) as the basis for many machine learning algorithms. 

IID means each variable has the same probability distribution and is mutually independent. To 

select an appropriate algorithm and to apply necessary data transformation techniques to meet the 

assumptions of algorithms, I have conducted a series of data visualization and univariate analysis 

as follows. 

 

1. Histogram 
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I first generated a histogram to determine if the data are normally distributed. For 

all the biomarker measurements, the distribution is right-skewed (figure 4). This indicates 

the need for conducting log transformation when doing linear or linear-based models. Log 

transformation reduces the influence of outliers (figure 5). 

 

2. Principal component analysis (PCA)47 

PCA is a statistical procedure that uses orthogonal transformation to collapse a 

multi-dimensional dataset, with possibly correlated variables, into lower dimensions with 

linearly uncorrelated principal components. The transformation is defined in such a way 

that the first principal component has the largest variance accounting for as much of the 

variability in the data as possible, and each succeeding component in turn has the highest 

variance under the constraint that it is orthogonal to the preceding components, using 

singular value decomposition (SVD). PCA is the simplest of eigenvector-based 

Figure 4 Distribution: histogram. X axis is biomarker 
concentration. 

Figure 5 Distribution: log transformation. X axis is 
biomarker concentration. 
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multivariate analyses and it is sensitive to the relative scaling of the original variables. 

 

Figure 6 PCA: the red dots indicate healthy controls/noncancer patients while the blue dots represent 
breast cancer patients 

Figure 6 shows the variable “age” represents around 41.7% of the variance of the 

data; 0 means non-cancer patients and 1 means cancer patients. This visualization suggests 

the breast cancer patients mostly cluster on the top right quadrant and the two groups are 

not easy to separate from each other. Using advanced approaches in building predictive 

models would achieve better performance.  

 

3. Correlation 

Biomarkers can facilitate crosstalk across multiple metabolic pathways, which 

leads to cancer incidence. I plotted a graph assessing the relations among this panel of 

biomarkers. Linear models are more sensitive to correlations and there is a need to address 

the significant correlations with interaction terms if linear models are adopted.  
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Figure 7 Correlation: only significant correlations are shown. Blue indicates strong positive correlation 
while red represents strong negative correlation 

Figure 7 shows the significant correlations. Age, VEGF, and IL.6 are less correlated 

while there is significant correlation among the other nine biomarkers. 

 

4. Univariate analysis 

In order to understand the consistency of predictive models, I performed a 

univariate analysis in figure 8 to understand the significant variables in this panel of 

biomarkers. I used Wilcoxon signed-ranked test for two reasons: the distribution is not 

Gaussian and the sample size is considered relatively small. The univariate analysis shows 

CYR61, HER2, HER3, IL6, and PTX3 are significant variables in this cancer/non-cancer 

cohort. 
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Figure 8 Univariate analysis using Wilcoxon signed-rank test. P-values smaller than 0.05 are counted as 
significant. *, **, ***, **** denotes p-vales smaller than 0.05, 0.01, 0.001, and 0.0001. 

 

Predictive Models – Occurrence 

I chose ROC to compare the performance of Simoa against the performance of the industry 

standard, mammography. ROC is a standard of model comparisons and offers a clear view of 

Simoa’s performance at different specificity-sensitivity cut-off points and to visualize tradeoffs. 

To avoid overfitting, I have adopted cross-validation. I have tested different algorithms in order to 

determine which would produce the best performance with the breast cancer data. 

 

1. Logistic regression 
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As the gold standard in binary classification, logistic regression uses a logistic function to 

model a binary dependent variable. The corresponding probability of the value labeled “1” or “0” 

can vary between 0 and 1. The function that converts log-odds to probability is the logistic function, 

hence the name. Analogous models with a different sigmoid function instead of a logistic function 

can also be used, such as a probit model48. I built a model using logistic regression. This was a 

three-step process: full model fitting, model selection, and final model fitting.  

1) Full model 

I fit a full model that includes age and all log transformed biomarker concentrations 

and set the threshold as 0.5. Therefore, the probability of having breast cancer are for values 

above 0.5 and are labeled “1” and the probability of having no breast cancer are for values 

below 0.5 and are labeled “0”. One of the simplest methods of calculating how correct a 

model is uses the error between the predicted value and the actual value. Here, accuracy is 

calculated with the number of True positive + True negative over the total number of a 

dataset. The accuracy for the full model is 0.83. The significant predictors are: Age, VEGF, 

HER3. 

2) Model selection 

Stepwise regression is a method of fitting regression models in which the choice of 

predictive variables is carried out by an automatic procedure. Here, I use both forward 

selection and backward elimination. Forward selection involves starting with no variables 

in the model, testing the addition of one variable whose inclusion gives the most 

statistically significant improvement of the fit and repeating this process until no further 

variables improves the model to a statistically significant extent. Backward elimination 

involves starting with all candidate variables, testing the deletion of each variable giving 
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the most statistically insignificant deterioration of the model fit, and repeating this process 

until no further variables can be deleted without a statistically significant loss of fit. Using 

this approach, age, VEGF, and HER3 are selected as significant predictors, which is 

consistent with univariate analysis. 

3) Final model 

Fitting a final model selected by stepwise regression gives an AUC (area under the 

ROC curve) of 0.84 in the test set. The accuracy in the training set is 0.83 while the 

accuracy in the test set is 0.81. A receiver operating characteristic curve, or ROC curve, is 

a graphical plot that illustrates the diagnostic ability of a binary classifier system as its 

discrimination threshold is varied. The consistency in training and test sets shows no sign 

of overfitting. 

 

Figure 9 ROC of Full model using logistic regression 

The AUC (area under curve) is 0.84, which is no less than the current breast cancer 

screening method, mammogram.  
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2. Other single classifiers 

To understand the performance of other algorithms, I performed an experiment 

showing the performance of a linear model (Linear Discriminant Analysis (LDA49)), 

nonlinear models (Classification and Regression Trees (CART)50, k-Nearest Neighbors 

(kNN)51), and advanced models (Support Vector Machines (SVM)52 with a linear kernel 

and Random Forest) on the training set.  

 

Figure 10 An experiment on performance from other algorithms: the accuracy of training set. 

Figure 10 shows no significant improvement in terms of performance. I then switched to 

building predictive models using a more advanced approach, polynomial regression.  

 

3. Polynomial regression53 
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Polynomial regression is a form of regression analysis in which the relationship 

between the independent variable x and the dependent variable y is modelled as a non-

linear, nth degree polynomial in x. The form of hypothesis and features can be improved in 

a couple of different ways. We can combine multiple features into one. For example, we 

can combine x1 and x2 into a new feature x3 by taking x1⋅x2. Further, the hypothesis need 

not be linear. Concretely, we can change the behavior or curve of the hypothesis function 

by making it a quadratic cubit or square root function or any other form. One thing to keep 

in mind is to keep features in the same range after getting quadratic or cubic functions. 

Here, I used a fourth degree of polynomial regression. Using stepwise regression, the AUC 

is improved to 0.86. 

 

Figure 11 Full model using polynomial regression 
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4. Boosting and Bagging54 

Ensemble methods utilize resampling techniques and build multiple models, as 

depicted in figure 12. In deciding which group a data point belongs to, methods like taking 

the average or voting are used. There are two categories in ensemble methods building on 

the same algorithm: boosting and bagging. Boosting builds multiple models consecutively, 

correcting the errors made by the previous model. Bagging, on the other hand, builds 

multiple models independently; hence is less prone to overfitting than boosting.  

 

Figure 42 A comparison between single classifiers and ensemble methods 

 
 

1) Stochastic Gradient Boosting machine (gbm)  

Gradient boosting machine is a machine learning technique, which produces a 

prediction model in the form of an ensemble of weak prediction models; 

typically, decision trees such as CART55. To reduce the effect of overfitting, I 

adopted a regularization technique that assigns different weights to variables to 

alleviate its importance to the model. Using stochastic gradient boosting machine, the 

AUC is at 0.93 as shown in figure 13. The variable importance graph (figure 14) also 
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shows agreement with the univariate analysis: HER3, IL6, age, CYR61, and PTX3 

are important variables. The variable importance was calculated based on the 

frequency a variable is used in constructing the model. 

  

Figure 13 Full model using gbm. 
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Figure 14 Variable importance using gbm 

 

2) C5.0 boosting 

Using a different splitting criterion, the C5.056 measures the homogeneity of a 

subset of data after a split compared with the original set. The accuracy is consistent 

with gbm at 0.93 (figure 15). It also shows the decision processes that share similarity 

with biological metabolic mechanisms as in figure 16 and figure 29 where HER2 and 
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HER3 are top predictors and work with each other.

 

Figure 15 Full model using C5.0 

 

Figure 16 Decision boundary using C5.0 
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3) RF bagging 

Using a different algorithm with the bagging technique, the AUC is at 0.92 (figure 

17). The variable importance (figure 18) is also consistent with previous models and 

univariate analysis.  

 

Figure 17 Full model using RF bagging 

 

Figure 18 Variable importance using RF bagging 
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Predictive models – patients aged 50-years-old and above 

The suggested age for undergoing mammography is around 50, therefore I built another 

model for the older population in our sample pool. The univariate analysis indicates HER3, 

CYR61, and PTX3 are important variables (figure 19). Using gbm, I got an AUC of 0.86 in 

figure 20. The variable importance of the various biomarkers is also listed in figure 21.  

 

Figure 19 Univariate analysis using Wilcoxon singed-rank test. *, **, **** denotes p-vales smaller than 0.05, 
0.01, and 0.0001. 
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Figure 20 Prediction performance for women aged 50 and above 

 

Figure 21 Variable importance for women aged 50 and above 

 

Subtype and stages 
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As a secondary outcome, I investigated the performance of Simoa on the subtypes and stages 

in breast cancer heterogeneity.  

1) Lymph node metastasis 

There are 76 breast cancer patients who have clinical information on lymph node 

metastasis in our dataset. 52 of them are non-metastasis while 24 of them have 

metastases. In univariate analysis (figure 22), CA19 and CYR61are significant variables. 

Using gbm to build a predictive model, there is an AUC of 0.78 (figure 23).  

 

Figure 22 Univariate analysis for metastasis status. ** denotes p-vales smaller than 0.01.  
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Figure 23 Prediction performance for metastasis status 

 

2) Hormone positive (ER or PR positive) and hormone negative (ER and PR negative) 

Out of 75 total patients, 12 patients are hormone negative and 63 are hormone 

positive. Combined, there are 75 people in this group (figure 24). Because of the 

imbalanced data, I cannot validate the performance of Simoa. Although there exist 

techniques like upsampling and downsampling to address the imbalanced issues, the raw 

data do not show robust and consistent results at this stage.   
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Figure 24 Univariate analysis for Hormone positive and negative. ns denotes p-values larger than 0.05. 

 

 

3) Grade 

In our dataset, there are 75 patients who have labels on grade; namely, there are 16 

patients who are at grade one; 42 of them are grade two, and 17 of them are grade three. 

From univariate analysis (figure 25), when comparing grade one from grade two, PTX3 

and VEGF are significant variables. When comparing grade two and three, both PTX3 

and VEGF are significant variable as well. However, given the relatively small and 

unbalanced groups among grade two and three (42 versus 17), the predictive model does 

not yield a convincing result.   
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Figure 25 Univariate analysis for Grade status. * denotes p-vales smaller than 0.05. 

 

2.4. Brief Discussion 

 In an attempt to break the detection barrier, the Walt lab developed a digitalized ELISA 

and automated the process using the Simoa HD-1 Analyzer (Quanterix). The technique, known as 

Single Molecule Arrays (Simoa), overcomes the current limitations in assay sensitivity and 

improves upon conventional protein detection methods by utilizing a novel digital readout method 

and can be used to detect proteins, post-translational modifications, microRNAs and biologically 

relevant small molecules. Most importantly, Simoa has the ability to improve the limit of detection 

of conventional enzyme-linked immunosorbent assay (ELISA) by 100-1000-fold. This increased 

sensitivity is critical for early disease diagnostics and for detecting differences between patients 

and healthy subjects that may be unobservable by other technologies. Additionally, these highly 

sensitive assays can be multiplexed to measure multiple proteins in each sample simultaneously. 
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More generally, the ability to determine concentration by counting individual molecules offers a 

new approach to analysis of dilute solutions.  

 

Chapter Three: Discussion and Perspectives  

Limitations  

Despite the ultra-sensitivity of the Simoa platform, there are intrinsic issues with the 

clinical data analyzed in this thesis, such as the unbalanced data set and sparse matrices to be dealt 

with. In terms of early diagnosis, the recruitment of untreated patients or young patients is also a 

time-consuming process. Finally, this work describes a novel diagnostic fingerprint for the 

presence of breast cancer solely based on liquid biopsy rather than factoring in other commonly 

known risk factors such as family history, genetic predisposition, or lifestyle.  

Future Research  

The resistance to therapies and the adaptability of breast cancer necessitates the use of 

biomarkers to create a signature for a more detailed molecular profile of the disease. The Walt lab 

is prospectively recruiting more patients to validate the performance of the Simoa platform and 

the generalizability of the models. Further, we are also eager to unveil the ability of interpreting 

therapy responsiveness rate early in the treatment plan by starting a time points measurement 

subproject. The Walt lab pioneered the microwell array-based platforms for ultrasensitive 

biomarker detection and is now working towards new diagnostic approaches and translating them 

into products that can accurately diagnose and assess the states of certain forms of cancer, 

infectious and neurodegenerative diseases.  
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In terms of health data science, dramatic success in machine learning has led to a torrent 

of Artificial Intelligence applications. Many machine learning algorithms have been considered as 

black boxes and rely heavily on experience and intuition to tune a model for best performance. 

Concurrently, in the wake of interpretability of machine learning in the healthcare domain, there 

is a realization of how to improve ML models based on explanation. Therefore, there is a popular 

technique recently called explainable AI (XAI). Using XAI, it is promising to tune the model with 

domain knowledge and to understand the decision process of these black boxes. 

A recent publication on LIME57 (Local Interpretable Model-Agnostic Explanations) 

received thousands of citations for its approach to understand a model. By removing or modifying 

the values of a component to observe the change of decision, LIME comes with an automated 

feature selection feature. Also, given a data point of interest, it utilizes an interpretable model such 

as Random Forest or LDA to interpret the model locally. However, it could provide different 

explanations depend on the definition of proximity. As illustrated in figure 26, selecting a few 

points closer to each other or slightly farther away from each other can have very different slopes. 

 

Figure 26 The local explanation using LIME: the local explanation varies as the definition of proximity 
varies. If x represents the features and y is the prediction/output, the blue line represents a machine 
learning algorithm. If the individual/local data of interest is the red dot, choosing two sets of four data 
points in its proximity (the left panel and the right panel) can give two lines of very different slopes. 
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LIME can also gain global explanation by fitting an explainable model to mimic the 

behavior of an advanced, uninterpretable model (figure 27). 

 

Figure 27 The global explanation using LIME 

 

Discussion 

Although obtaining more  a larger training set is an approach to correcting the error of 

predictive models, there exist other options to be considered as well. One common method is to 

adopt feature engineering to select a set of features. Methods like this could be informative in early 

stage biomarker selection. It is also possible to add additional features using methods like 

polynomial regression if the sample size is of appropriate size. If regularization is used, correcting 

the λ will also give better performance. Lastly, running a diagnosis of the predictive model can 

also shed light on how to refine a research hypothesis or to lead to the next steps in patient 

recruitment. Splitting the data into training and test data sets allows one to compare the errors, or 

the proportion of the data that was misclassified in a classification problem, in the training set and 

the test set. If a model suffers from high bias, or underfitting, the cost function output of both data 

sets will be high despite any consistency of the two data sets. If, on the other hand, running the 
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diagnosis of the models shows there is high variance, or overfitting, the cost function output for 

the training set will be low while the output value on the testing set will be much greater. In 

conclusion, if the learning algorithm is suffering from high variance, getting more training 

examples, trying smaller sets of features, or increasing λ is likely to help. If it is suffering from 

high bias, then changing hypotheses (adding more features or polynomial features) or decreasing 

λ is more likely to help with the prediction accuracy. The diagram below depicts the relationship 

between errors in the training data set and the test data set on bias or variance. 

 

Figure 28 A Comparison of overfitting and underfitting 

 In this thesis, the interpretability is explained by the C.50 algorithm’s decision tree. 

Revising the biological mechanism of the breast cancer occurrence and markers, there is 

consistency with the decision tree (figure 29). Age has been a significant variable in current 

practices of breast cancer diagnosis and screening in which women aged above 50 are 

recommended to receive breast cancer screening annually. The figure also shows that HER3 and 
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HER2 work together to enhance cell proliferation and survival. The first three decisions of the tree 

are also age, HER3 and HER2.  

 In conclusion, this work supports the use of Simoa combined with advanced classification 

algorithms for cancer occurrence prediction in populations in need of medical intervention and 

who are not yet treated. The performance of predictive models on cancer occurrence is robust and 

is in accordance with univariate analysis. The results generated here will contribute to an ever-

increasing body of literature, elucidating predictive serum biomarkers for breast cancer diagnosis, 

early diagnosis, and ideally alleviate human suffering.  

 

Figure 29 Similarity between the tree graph and a biological mechanism of HER2 and HER3 
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Figure 30 Distribution of the triplet measurements for 10 serum biomarkers 
 

 


